Introduction

32
Partitioning of precipitation (P) into evapotranspiraiton (E) and streamflow (Q) on land surfaces 33 reflects a hydrologic response to land use and climate forcing. Given that this phenomenon impacts 34 water availability globally (Xu et al., 2013) , understanding such processes is critical to improve water 35 resource management practices. A large number of studies have previously been conducted to quantify 36 climate or vegetation change impacts on catchment water balances. Evidence shows that changes in 37 climatic conditions that result from P and potential evapotranspiration (E p ), for example, have a 38 sizeable impact on Q (e.g., IPCC, 2007; Oudin et al., 2009; Liang et al., 2013) 
45
Along with complex, physically-based distributed hydrological models (bottom-up approach),
46
simple coupled water and energy balance models (top-down approach), such as the Budyko framework,
47
have attracted considerable attention in recent years (e.g., Zhang et al., 2001; Yang et al., 2007;  48 Brümmer et al., 2012; Donohue et al., 2012) . According to the Budyko framework (1974) , available 49 water and energy are the primary factors that determine E rates, which also control the partitioning of P 50 into E and Q. Because the original version of the Budyko model only included climatic variables, an 51 adjustable parameter has been incorporated into the model to reflect the influence of watershed 52 characteristics (e.g., Fu et al., 1981; Choudhury, 1999; Zhang et al., 2001; Yang et al., 2007) . Even 53 though this watershed characteristics parameter (n) has been investigated by a number of studies 54 (Zhang et al., 2001; Yang et al., 2009; Donohue et al., 2010) , its relation to physical attributes remains 55 obscure (Gerrits et al., 2009; Donohue et al., 2012; Liu and McVicar, 2012) . Combining equations by 56 Choudhury (1999) and Porporato et al. (2004) , Donohue et al. (2012) 
70
Choudhury's equation (1999)):
72
where n is a catchment-specific parameter (dimensionless), which reflects the influence of catchment 
77
Ignoring changes in storage, this steady state water balance model can be expressed as follows 78 (Donohue et al., 2011; Roderick and Farquhar, 2011; Liu and McVicar, 2012 ):
80
Equations (2) and (3) constitute the Budyko-Choudhury-Porporato model (BCP model).
81
In order to obtain the ecohydrological parameter (n), κ was set to static state as designated by the 
94
Plain before finally emptying into the Bohai Sea. Since most of the river flows through arid and 95 semiarid regions, increased agricultural and industrial water usage in combination with decreases in
96
P has led to overall decreases in Q (Liu et al., 2008; McVicar et al., 2002; Nakayama, 2011 
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The relative contribution of climate and vegetation ( Fig. 7a and 7b) were calculated for each grid cell. 
158
showed that: (i) Changes in P caused the greatest variability in E (or Q), generally followed by 159 variability in Z e , α, and E p ; (ii) changes in P contributed greater to changes in E (when compared to Q); 160 and (iii) summed contributions of climatic variables (P, E p , and α) to E and Q were greater than Z e ,
161
especially for E.
162
( 
181
In combination with climate change, this study explored how vegetation impacts hydrological
182
processes from an alternative aspect, i.e., assessing Z e response to climate change and its impacts on Q
183
and E. According to the Budyko framework, the greater the P the deeper the rooting depth (Schenk and 
189
by Liu and McVicar (2012) . Given the scarcity of Z e data, validation of modeled Z e is difficult to obtain 190 for larger basins (Donohue et al., 2012) . From the n calculated for each grid cell, it was shown that greater to changes in Q and E (Fig. 4 partitioning of P into E and Q. Results can also reflect relative contributions (provided in Fig. 5 and Fig.   196 6). For example, Fig. 5c and Fig. 5d show that significant temporal trends in E yielded different results
197
between static and dynamic Z e scenarios. Fig. 6 shows that climate change regulates temporal trend
198
changes in E, which is consistent with data provided in 
212
For the dynamic scenario, total E and Q were respectively predicted to be −1.73% and 28.22% greater than the static scenario, which exhibited obvious spatial variation.
214
( (Fig. 5a ) and dynamic Z e (Fig. 5b ) scenarios, and regions
357
exhibiting significant E slopes (p < 0.05) for static Z e (Fig. 5c ) and dynamic Z e (Fig. 5d) 
